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(57) ABSTRACT 

An information processing system having signal processors 
that are interconnected by processing junctions that simulate 
and extend biological neural networks. Each processing 
junction receives signals from one signal processor and 
generates a neW signal to another signal processor. The 
response of each processing junction is determined by 
internal junction processes and is continuously changed With 
temporal variation in the received signal. Different process 
ing junctions connected to receive a common signal from a 
signal processor respond differently to produce different 
signals to doWnstream signal processors. This transforms a 
temporal pattern of a signal train of spikes into a spatio 
temporal pattern of junction events and provides an expo 
nential computational poWer to signal processors. Each 
signal processing junction can receive a feedback signal 
from a doWnstream signal processor so that an internal 
junction process can be adjusted to learn certain character 
istics embedded in received signals. 
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DYNAMIC SYNAPSE FOR SIGNAL PROCESSING 
IN NEURAL NETWORKS 

[0001] This application is a continuation application of 
US. application Ser. No. 09/096,678, ?led Jun. 11, 1998 
Which claims the bene?t of the US. Provisional Application 
No. 60/049,758, ?led on Jun. 11, 1997. 

FIELD OF THE INVENTION 

[0002] The present invention relates to information pro 
cessing by signal processors connected by processing junc 
tions, and more particularly, to neural netWork models that 
simulate and extend biological neural netWorks. 

BACKGROUND OF THE INVENTION 

[0003] Abiological nervous system comprises a complex 
netWork of neurons that receive and process external stimuli 
to produce, exchange, and store information. Aneuron, in its 
simplest form as a basic unit for a neural netWork, may be 
described as a cell body called soma, having one or more 
dendrites as input terminals for receiving signals and one or 
more axons as output terminals for exporting signals. The 
soma of a neuron processes signals received from dendrites 
to produce at least one action signal for transmission to other 
neurons via axons. Some neurons have only one axon Which 

repeatedly splits branches, thereby alloWing one neuron to 
communicate With multiple other neurons. 

[0004] One dendrite (or axon) of a neuron and one axon 
(or dendrite) of another neuron are connected by a biological 
structure called a synapse. Hence, a neural netWork com 
prises a plurality of neurons that are interconnected by 
synapses. Signals are exchanged and processed Within such 
a netWork. 

[0005] Neurons also make anatomical and functional con 
nections With various kinds of effector cells such as muscle, 
gland, or sensory cells through another type of biological 
junctions called neuroeffector junctions. A neuron can emit 
a certain neurotransmitter in response to an action signal to 
control a connected effector cell so that the effector cell 
reacts accordingly in a desired Way, e.g., contraction of a 
muscle tissue. 

[0006] The structure and operations of a biological neural 
netWork are extremely complex. Many physical, biological, 
and chemical processes are involved. Various simpli?ed 
neural models have been developed based on certain aspects 
of biological nervous systems. See, Bose and Liang, “Neural 
netWork fundamentals With graphs, algorithms, and appli 
cations,” McGraW-Hill (1996). A brain, for example, is a 
complex system and can be modeled as a neural netWork that 
processes information by the spatial and temporal pattern of 
neuronal activation. 

[0007] One description of the operation of a general neural 
netWork is as folloWs. An action potential originated by a 
presynaptic neuron generates synaptic potentials in a 
postsynaptic neuron. The soma membrane of the postsyn 
aptic neuron integrates these synaptic potentials to produce 
a summed potential. The soma of the postsynaptic neuron 
generates another action potential if the summed potential 
exceeds a threshold potential. This action potential then 
propagates through one or more axons as presynaptic poten 
tials for other neurons that are connected. The above process 
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forms the basis for information processing, storage, and 
exchange in many neural netWork models. 

[0008] Action potentials and synaptic potentials can form 
certain temporal patterns or sequences as trains of spikes. 
The temporal intervals betWeen potential spikes carry a 
signi?cant part of the information in a neural netWork. 

[0009] Another signi?cant part of the information in a 
neural netWork is the spatial patterns of neuronal activation. 
This is determined by the spatial distribution of the neuronal 
activation in the netWork. It is desirable to stimulate both the 
temporal and spatial patterns in a neural netWork model. 
See, for example, DeadWyler et al., “Hippocampal ensemble 
activity during spatial delayed-nonmatch-to-sample perfor 
mance in rats,” Journal of Neuroscience, Vol. 16, pp.354 
372 (1996) and Thiels et al., “Excitatory stimulation during 
postsynaptic inhibition induces long-term depression in hip 
pocampus in-vivo,” Journal of Neuroscience, Vol. 72, 
pp.3009-3016 (1994) and “NMDA receptor-dependent LTD 
in different sub?elds of hippocampus in vivo and in vitro,” 
Hippocampus, Vol. 6, pp. 43-51 (1996). 

[0010] Many neural netWork models are based on the 
folloWing tWo assumptions. First, synaptic strength, i.e., the 
ef?cacy of a synapse in generating a synaptic potential, is 
assumed to be static during a typical time scale for gener 
ating an action potential in neurons. The ef?cacy of a 
synapse is essentially a constant during a signal train. 
Certain models modify this assumption by alloWing a sloW 
variation over a period of processing many signal trains. In 
the second assumption, each sending neuron provides the 
same signal to all other neurons to Which it is synaptically 
connected. 

SUMMARY OF THE INVENTION 

[0011] One aspect of the present invention provides an 
improved neural netWork model that removes the above tWo 
assumptions and enables neural netWork devices to perform 
complex tasks. The present invention includes information 
processing systems and methods that are inspired by and are 
con?gured to extend certain aspects of a biological neural 
netWork. The functions of signal processors and processing 
junctions connecting the signal processors correspond to 
biological neurons and synapses, respectively. Each of the 
signal processors and processing junctions may comprise 
any one or a combination of an optical element, an electronic 
device, a biological unit, or a chemical material. The pro 
cessing systems and methods may also be simulated by 
using one or more computer programs. 

[0012] Each processing junction is con?gured to dynami 
cally adjust its response strength according to the temporal 
pattern of an incoming signal train of spikes. Hence, such a 
processing junction changes its response to the incoming 
signal and hence simulates a “dynamic synapse”. 

[0013] Different processing junctions in general respond 
differently to the same input signal. This produces different 
output junction signals. This provides a speci?c Way of 
transforming a temporal pattern of a signal train of spikes 
into a spatio-temporal pattern of junction events. In addition, 
the netWork of the signal processors and processing junc 
tions can be trained to learn certain characteristics embedded 
in input signals. 

[0014] One embodiment of a system for information pro 
cessing includes a plurality of signal processors connected to 
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communicate With one another and con?gured to produce at 
least one output signal in response to at least one input 
signal, and a plurality of processing junctions disposed to 
interconnect the signal processors. Each of the processing 
junctions receives and processes a prejunction signal from a 
?rst signal processor in the netWork based on at least one 
internal junction process to produce a junction signal Which 
causes a postjunction signal to a second signal processor in 
the netWork. Each processing junction is con?gured so that 
the junction signal has a dynamic dependence on the 
prejunction signal. 
[0015] At least one of the processing junctions may have 
another internal junction process that makes a different 
contribution to the junction signal than the internal junction 
process. 

[0016] Each of the processing junctions may be connected 
to receive an output signal from the second signal processor 
and con?gured to adjust the internal junction process 
according to the output signal. 

[0017] These and other aspects and advantages of the 
present invention Will become more apparent in light of the 
folloWing detailed description, the accompanying draWings, 
and the appended claims. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0018] FIG. 1 is a schematic illustration of a neural 
netWork formed by neurons and dynamic synapses. 

[0019] FIG. 2A is a diagram showing a feedback connec 
tion to a dynamic synapse from a postsynaptic neuron. 

[0020] FIG. 2B is a block diagram illustrating signal 
processing of a dynamic synapse With multiple internal 
synaptic processes. 

[0021] FIG. 3A is a diagram shoWing a temporal pattern 
generated by a neuron to a dynamic synapse. 

[0022] FIG. 3B is a chart shoWing tWo facilitative pro 
cesses of different time scales in a synapse. 

[0023] FIG. 3C is a chart shoWing the responses of tWo 
inhibitory dynamic processes in a synapse as a function of 
time. 

[0024] FIG. 3D is a diagram illustrating the probability of 
release as a function of the temporal pattern of a spike train 
due to the interaction of synaptic processes of different time 
scales. 

[0025] FIG. 3E is a diagram shoWing three dynamic 
synapses connected to a presynaptic neuron for transforming 
a temporal pattern of spike train into three different spike 
trains. 

[0026] FIG. 4A is a simpli?ed neural netWork having tWo 
neurons and four dynamic synapses based on the neural 
netWork of FIG. 1. 

[0027] FIGS. 4B-4D shoW simulated output traces of the 
four dynamic synapses as a function of time under different 
responses of the synapses in a simpli?ed netWork of FIG. 
4A. 

[0028] FIGS. 5A and 5B are charts respectively shoWing 
sample Waveforms of the Word “hot” spoken by tWo differ 
ent speakers. 
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[0029] FIG. 5C shoWs the Waveform of the cross-corre 
lation betWeen the Waveforms for the Word “hot” in FIGS. 
5A and 5B. 

[0030] FIG. 6A is schematic shoWing a neural netWork 
model With tWo layers of neurons for simulation. 

[0031] FIGS. 6B, 6C, 6D, 6E, and 6F are charts respec 
tively shoWing the cross-correlation functions of the output 
signals from the output neurons for the Word “hot” in the 
neural netWork of FIG. 6A after training. 

[0032] FIGS. 7A-7L are charts shoWing extraction of 
invariant features from other test Words by using the neural 
netWork in FIG. 6A. 

[0033] FIGS. 8A and 8B respectively shoW the output 
signals from four output neurons before and after training of 
each neuron to respond preferentially to a particular Word 
spoken by different speakers. 

[0034] FIG. 9A is a diagram shoWing one implementation 
of temporal signal processing using a neural netWork based 
on dynamic synapses. 

[0035] FIG. 9B is a diagram shoWing one implementation 
of spatial signal processing using a neural netWork based on 
dynamic synapses. 

[0036] FIG. 10 is a diagram shoWing one implementation 
of a neural netWork based on dynamic synapses for process 
ing spatio-temporal information. 

DETAILED DESCRIPTION OF THE 
PREFERRED EMBODIMENTS 

[0037] Certain aspects of the invention have been dis 
closed by LiaW and Berger in “Dynamic synapse: a neW 
concept of neural representation and computation,” Hippoc 
ampus, Vol. 6, pp. 591-600 (1996); “Computing With 
dynamic synapse: a case study of speech recognition,” 
Proceedings of International Conference on Neural Net 
Work, Houston, TeX., June of 1997; and “Robust speech 
recognition With dynamic synapses,” Proceedings of the 
International Joint Conference on Neural NetWork, Anchor 
age, Ak., May of 1998. The disclosure of the above refer 
ences are incorporated herein by reference. 

[0038] The folloWing description uses terms “neuron” and 
“signal processor”, “synapse” and “processing junction”, 
“neural netWor ” and “netWork of signal processors” in a 
roughly synonymous sense. Biological terms “dendrite” and 
“axon” are also used to respectively represent an input 
terminal and an output terminal of a signal processor (i.e., a 
“neuron” . 

[0039] A neural netWork 100 based on dynamic synapses 
is schematically illustrated by FIG. 1. Large circles (e.g., 
110, 120, etc.) represent neurons and small ovals (e.g., 114, 
124, etc.) represent dynamic synapses that interconnect 
different neurons. Effector cells and respective neuroeffector 
junctions are not depicted here for sake of simplicity. The 
dynamic synapses each have the ability to continuously 
change an amount of response to a received signal according 
to a temporal pattern and magnitude variation of the 
received signal. This is different from many conventional 
models for neural netWorks in Which synapses are static and 
each provide an essentially constant Weighting factor to 
change the magnitude of a received signal. 
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[0040] Neurons 110 and 120 are connected to a neuron 
130 by dynamic synapses 114 and 124 through axons 112 
and 122, respectively. A signal emitted by the neuron 110, 
for example, is received and processed by the synapse 114 
to produce a synaptic signal Which causes a postsynaptic 
signal to the neuron via a dendrite 130a. The neuron 130 
processes the received postsynaptic signals to produce an 
action potential and then sends the action potential doWn 
stream to other neurons such as 140, 150 via axon branches 
such as 131a, 131b and dynamic synapses such as 132, 134. 
Any tWo connected neurons in the netWork 100 may 
exchange information. Thus the neuron 130 may be con 
nected to an axon 152 to receive signals from the neuron 150 
via, e.g., a dynamic synapse 154. 

[0041] Information is processed by neurons and dynamic 
synapses in the netWork 100 at multiple levels, including but 
not limited to, the synaptic level, the neuronal level, and the 
netWork level. 

[0042] At the synaptic level, each dynamic synapse con 
nected betWeen tWo neurons (i.e., a presynaptic neuron and 
a postsynaptic neuron With respect to the synapse) also 
processes information based on a received signal from the 
presynaptic neuron, a feedback signal from the postsynaptic 
neuron, and one or more internal synaptic processes Within 
the synapse. The internal synaptic processes of each synapse 
respond to variations in temporal pattern and/or magnitude 
of the presynaptic signal to produce synaptic signals With 
dynamically-varying temporal patterns and synaptic 
strengths. For example, the synaptic strength of a dynamic 
synapse can be continuously changed by the temporal pat 
tern of an incoming signal train of spikes. In addition, 
different synapses are in general con?gured by variations in 
their internal synaptic processes to respond differently to the 
same presynaptic signal, thus producing different synaptic 
signals. This provides a speci?c Way of transforming a 
temporal pattern of a signal train of spikes into a spatio 
temporal pattern of synaptic events. Such a capability of 
pattern transformation at the synaptic level, in turn, gives 
rise to an exponential computational poWer at the neuronal 
level. 

[0043] Another feature of the dynamic synapses is their 
ability for dynamic learning. Each synapse is connected to 
receive a feedback signal from its respective postsynaptic 
neuron such that the synaptic strength is dynamically 
adjusted in order to adapt to certain characteristics embed 
ded in received presynaptic signals based on the output 
signals of the postsynaptic neuron. This produces appropri 
ate transformation functions for different dynamic synapses 
so that the characteristics can be learned to perform a desired 
task such as recogniZing a particular Word spoken by dif 
ferent people With different accents. 

[0044] FIG. 2A is a diagram illustrating this dynamic 
learning in Which a dynamic synapse 210 receives a feed 
back signal 230 from a postsynaptic neuron 220 to learn a 
feature in a presynaptic signal 202. The dynamic learning is 
in general implemented by using a group of neurons and 
dynamic synapses or the entire netWork 100 of FIG. 1. 

[0045] Neurons in the netWork 100 of FIG. 1 are also 
con?gured to process signals. Aneuron may be connected to 
receive signals from tWo or more dynamic synapses and/or 
to send an action potential to tWo or more dynamic synapses. 
Referring to FIG. 1, the neuron 130 is an example of such 
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a neuron. The neuron 110 receives signals only from a 
synapse 111 and sends signals to the synapse 114. The 
neuron 150 receives signals from tWo dynamic synapses 134 
and 156 and sends signals to the axon 152. HoWever 
connected to other neurons, various neuron models may be 
used. See, for example, Chapter 2 in Bose and Liang, supra., 
and Anderson, “An introduction to neural netWorks,” Chap 
ter 2, MIT (1997). 

[0046] One Widely-used simulation model for neurons is 
the integrator model. Aneuron operates in tWo stages. First, 
postsynaptic signals from the dendrites of the neuron are 
added together, With individual synaptic contributions com 
bining independently and adding algebraically, to produce a 
resultant activity level. In the second stage, the activity level 
is used as an input to a nonlinear function relating activity 
level (cell membrane potential) to output value (average 
output ?ring rate), thus generating a ?nal output activity. An 
action potential is then accordingly generated. The integra 
tor model may be simpli?ed as a tWo-state neuron as the 
McCulloch-Pitts “integrate-and-?re” model in Which a 
potential representing “high” is generated When the resultant 
activity level is higher than a critical threshold and a 
potential representing “loW” is generated otherWise. 

[0047] A real biological synapse usually includes different 
types of molecules that respond differently to a presynaptic 
signal. The dynamics of a particular synapse, therefore, is a 
combination of responses from all different molecules. A 
dynamic synapse may be con?gured to simulate the contri 
butions from all dynamic processes corresponding to 
responses of different types of molecules. A speci?c imple 
mentation of the dynamic synapse may be modeled by the 
folloWing equations: 

[0048] Where Pi(t) is the potential for release (i.e., synaptic 
potential) from the ith dynamic synapse in response to a 
presynaptic signal, Ki)m(t) is the magnitude of the mth 
dynamic process in the ith synapse, and Fi)m(t) is the 
response function of the mth dynamic process. 

[0049] The response Fi)m(t) is a function of the presynaptic 
signal, Ap(t), Which is an action potential originated from a 
presynaptic neuron to Which the dynamic synapse is con 
nected. The magnitude of Fi>m(t) varies continuously With 

the temporal pattern of In certain applications, may be a train of spikes and the mth process can change the 

response Fi>m(t) from one spike to another. may also be 
the action potential generated by some other neuron, and one 
such example Will be given later. Furthermore, Fi>m(t) may 
also have contributions from other signals such as the 
synaptic signal generated by dynamic synapse i itself, or 
contributions from synaptic signals produced by other syn 
apses. 

[0050] Since one dynamic process may be different form 
another, Fi)m(t) may have different Waveforms and/or 
response time constants for different processes and the 
corresponding magnitude Ki)m(t) may also be different. For 
a dynamic process m With KLm(t)>0, the process is said to 
be excitatory, since it increases the potential of the postsyn 



US 2003/0050903 A1 

aptic signal. Conversely, a dynamic process m With 
KLm(t)<0 is said to be inhibitory. 

[0051] In general, the behavior of a dynamic synapse is 
not limited to the characteristics of a biological synapse. For 
example, a dynamic synapse may have various internal 
processes. The dynamics of these internal processes may 
take different forms such as the speed of rise, decay or other 
aspects of the Waveforms. Adynamic synapse may also have 
a response time faster than a biological synapse by using, for 
eXample, high-speed VLSI technologies. Furthermore, dif 
ferent dynamic synapses in a neural netWork or connected to 
a common neuron can have different numbers of internal 

synaptic processes. 

[0052] The number of dynamic synapses associated With a 
neuron is determined by the netWork connectivity. In FIG. 
1, for eXample, the neuron 130 as shoWn is connected to 
receive signals from three dynamic synapses 114, 154, and 
124. 

[0053] The release of a synaptic signal, Ri(t), for the above 
dynamic synapse may be modeled in various forms. For 
eXample, the integrate models for neurons may be directly 
used or modi?ed for the dynamic synapse. One simple 
model for the dynamic synapse is a tWo-state model similar 
to a neuron model proposed by McCulloch and Pitts: 

[0054] Where the value of Ri(t) represents the occurrence 
of a synaptic event (i.e., release of neurotransmitter) When 
Ri(t) is a non-Zero value, f[Pi(t)], or non-occurrence of a 
synaptic event When Ri(t)=0 of and 0i is a threshold potential 
for the ith dynamic synapse. The synaptic signal Ri(t) causes 
generation of a postsynaptic signal, Si(t), in a respective 
postsynaptic neuron by the dynamic synapse. For conve 
nience, f[Pi(t)] may be set to 1 so that the synaptic signal 
Ri(t) is a binary train of spikes With Us and 1s. This provides 
a means of coding information in a synaptic signal. 

[0055] FIG. 2B is a block diagram illustrating signal 
processing of a dynamic synapse With multiple internal 
synaptic processes. The dynamic synapse receives an action 
potential 240 from a presynaptic neuron (not shoWn). Dif 
ferent internal synaptic processes 250, 260, and 270 are 
shoWn to have different time-varying magnitudes 250a, 
260a, and 270a, respectively. The synapse combines the 
synaptic processes 250a, 260a, and 270a to generate a 
composite synaptic potential 280 Which corresponds to the 
operation of Equation Athresholding mechanism 290 of 
the synapse performs the operation of Equation (2) to 
produce a synaptic signal 292 of binary pulses. 

[0056] The probability of release of a synaptic signal Ri(t) 
is determined by the dynamic interaction of one or more 
internal synaptic processes and the temporal pattern of the 
spike train of the presynaptic signal. FIG. 3A shoWs a 
presynaptic neuron 300 sending out a temporal pattern 310 
(i.e., a train of spikes of action potentials) to a dynamic 
synapse 320a. The spike intervals affect the interaction of 
various synaptic processes. 

[0057] FIG. 3B is a chart shoWing tWo facilitative pro 
cesses of different time scales in a synapse. FIG. 3C shoWs 
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tWo inhibitory dynamic processes (i.e., fast GABAA and 
sloW GABAB). FIG. 3D shoWs the probability of release is 
a function of the temporal pattern of a spike train due to the 
interaction of synaptic processes of different time scales. 

[0058] FIG. 3E further shoWs that three dynamic synapses 
360, 362, 364 connected to a presynaptic neuron 350 trans 
form a temporal spike train pattern 352 into three different 
spike trains 360a, 362a, and 364a to form a spatio-temporal 
pattern of discrete synaptic events of neurotransmitter 
release. 

[0059] The capability of dynamically tuning synaptic 
strength as a function of the temporal pattern of neuronal 
activation gives rise to a signi?cant representational and 
processing poWer at the synaptic level. Consider a neuron 
Which is capable of ?ring at a maXimum rate of 100 HZ 
during a time WindoW of 100 ms. The temporal patterns that 
can be coded in this 10-bit spike train range from [00 . . . 0] 
to [11 . . . 1] to a total of 210 patterns. Assuming that at most 
one release event may occur at a dynamic synapse per action 
potential, depending on the dynamics of the synaptic mecha 
nisms, the number of the temporal patterns that can be coded 
by the release events at a dynamic synapse is 210. For a 
neuron With 100 dynamic synapses, the total number of 
temporal patterns that can be generated is (21O)1OO=21>00O. 
The number Would be even higher if more than one release 
event is alloWed per action potential. The above number 
represents the theoretical maXimum of the coding capacity 
of neurons With dynamic synapses and Will be reduced due 
to factors such as noise or loW release probability. 

[0060] FIG. 4A shoWs an eXample of a simple neural 
netWork 400 having an eXcitatory neuron 410 and an inhibi 
tory neuron 430 based on the system of FIG. 1 and the 
dynamic synapses of Equations (1) and A total of four 
dynamic synapses 420a, 420b, 420c, and 420d are used to 
connect the neurons 410 and 430. The inhibitory neuron 430 
sends a feedback modulation signal 432 to all four dynamic 
synapses. 

[0061] The potential of release, Pi(t), of ith dynamic 
synapse can be assumed to be a function of four processes: 
a rapid response, F0, by the synapse to an action potential AP 
from the neuron 410, ?rst and second components of facili 
tation F1 and F2 Within each dynamic synapse, and the 
feedback modulation Mod Which is assumed to be inhibi 
tory. Parameter values for these factors, as an eXample, are 
chosen to be consistent With time constants of facilitative 
and inhibitory processes governing the dynamics of hippoc 
ampal synaptic transmission in a study using nonlinear 
analytic procedures. See, Berger et al., “Nonlinear systems 
analysis of netWork properties of the hippocampal forma 
tion”, in “Neurocomputation and learning: foundations of 
adaptive netWorks,” edited by Moore and Gabriel, pp.283 
352, MIT Press, Cambridge (1991) and “A biologically 
based model of the functional properties of the hippocam 
pus,” Neural NetWorks, Vol. 7, pp.1031-1064 (1994). 

[0062] FIGS. 4B-4D shoW simulated output traces of the 
four dynamic synapses as a function of time under different 
responses of the synapses. In each ?gure, the top trace is the 
spike train 412 generated by the neuron 410. The bar chart 
on the right hand side represents the relative strength, i.e., 
Kim in Equation (1), of the four synaptic processes for each 
of the dynamic synapses. The numbers above the bars 
indicate the relative magnitudes With respect to the magni 
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tudes of different processes used for the dynamic synapse 
420a. For example, in FIG. 4B, the number 1.25 in bar chart 
for the response for F1 in the synapse 420C (i.e., third roW, 
second column) means that the magnitude of the contribu 
tion of the ?rst component of facilitation for the synapse 
4206 is 25% greater than that for the synapse 420a. The bars 
Without numbers thereabove indicate that the magnitude is 
the same as that of the dynamic synapse 420a. The boxes 
that encloses release events in FIGS. 4B and 4C are used to 
indicate the spikes that Will disappear in the next ?gure using 
different response strengths for the synapses. For example, 
the rightmost spike in the response of the synapse 420a in 
FIG. 4B Will not be seen in the corresponding trace in FIG. 
4C. The boxes in FIG. 4D, on the other hand, indicate spikes 
that do not exist in FIG. 4C. 

[0063] The speci?c functions used for the four synaptic 
processes in the simulation are as folloWs. The rapid 
response, F0, to the action potential, AP, is expressed as 

[0064] Where "cFo=0.5 ms is the time constant of F0 for all 
dynamic synapses and kFO=10.0 is for the synapse 420a and 
is scaled proportionally based on the bar charts in FIGS. 
4B-4D for other synapses. 

[0065] The time dependence of F1 is 

M1 
171% = —F1(l)+/<f1,AP, 

[0066] Where 'cf1=66.7 ms is the decay time constant of the 
?rst component of facilitation of all dynamic synapses and 
kf1=0.16 for the synapse 420a. 

[0067] The time dependence of F2 is 

M2 
‘172% = —F2([) +kf2’AP, 

[0068] Where "cf2=300 ms is the decay time constant of the 
second component of facilitation of all dynamic synapses 
and kf2=80.0 for the synapse 420a. 

[0069] The inhibitory feedback modulation is 

dMod 
TMod m = —Mod +kModiAlnh, 

[0070] Where AInh is the action potential generated by the 
neuron 430, "cMOd=10 ms is the decay time constant of the 
feedback modulation of facilitation of all dynamic synapses, 
and kMOd=—20.0 is for the synapse 420a. 

[0071] Equations (3)-(6) are speci?c examples of Fi>m(t) in 
Equation Accordingly, the potential of release at each 
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synapse is a sum of all four contributions based on Equation 

(1)1 
P=F0+F1+F2+Mod. 

[0072] A quanta Q (=1.0) of neurotransmitter is released if 
P is greater than a threshold 0R (=1.0) and there is at least 
one quanta of neurotransmitter in each synapse available for 
release (i.e., the total amount of neurotransmitter, Ntotal, is 
greater than a quanta for release). The amount of the 
neurotransmitter at the synaptic cleft, NR, is an example of 
Ri(t) in Equation Upon release of a quanta of neurotrans 
mitter, NR is reduced exponentially With time from the initial 
amount of Q: 

N. = (zest-T1]. 

[0073] Where "no is a time constant and is taken as 1.0 ms 
for simulation. After the release, the total amount of neu 
rotransmitter is reduced by Q. 

[0074] There is a continuous process for replenishing 
neurotransmitter Within each synapse. This process can be 
simulated as folloWs: 

dN 0a 

% = Tmuvm — NW). 

[0075] Where NrnaX is the maximum amount of available 
neurotransmitter and "cm is the rate of replenishing neu 
rotransmitter, Which are 3.2 and 0.3 ms“1 in the simulation, 
respectively. 

[0076] The synaptic signal, NR, causes generation of a 
postsynaptic signal, S, in a respective postsynaptic neuron. 
The rate of change in the amplitude of the postsynaptic 
signal S in response to an event of neurotransmitter release 
is proportional to NR: 

S — S k N 
TSE —— + s, R, 

[0077] Where "is is the time constant of the postsynaptic 
signal and taken as 0.5 ms for simulation and k5 is a constant 
Which is 0.5 for simulation. In general, a postsynaptic signal 
can be either excitatory (ks>0) or inhibitory (ks<0). 

[0078] The tWo neurons 410 and 430 are modeled as 
“integrate-and-?re” units having a membrane potential, V, 
Which is the sum of all synaptic potentials, and an action 
potential, Ap from a presynaptic neuron: 

[0079] Where "5V is the time constant of V and is taken as 
1.5 ms for simulation. The sum is taken over all internal 
synapse processes. 
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[0080] In the simulation, Ap=1 if V>0R Which is 0.1 for the 
presynaptic neuron 410 and 0.02 for the postsynaptic neuron 
430. It also assumed that the neuron is not in the refractory 
period (Tref=2.0 ms), i.e., the neuron has not ?red Within the 
last Tref of 2 ms. 

[0081] Referring back to FIGS. 4B-4D, the parameter 
values for the synapse 420a is kept as constant in all 
simulations and is treated as a base for comparison With 
other dynamic synapses. In the ?rst simulation of FIG. 4B, 
only one parameter is varied per terminal by an amount 
indicated by the respective bar chart. For example, the 
contribution of the current action potential (F0) to the 
potential of release is increased by 25% for the synapse 
420b, Whereas the other three parameters remain the same as 
the synapse 420a. The results are as expected, namely, that 
an increase in either F0, F1) or F2 leads to more release events, 
Whereas increasing the magnitude of feedback inhibition 
reduces the number of release events. 

[0082] The transformation function becomes more sophis 
ticated When more than one synaptic mechanism undergoes 
changes as shoWn in FIG. 4C. First, although the parameters 
remain constant in the synapse 420a, feWer release events 
occur since an overall increase in the output from the other 
three synapses 420b, 420C, 420d causes an increased acti 
vation of the postsynaptic neuron. This in turn exerts greater 
inhibition of the dynamic synapses. This exempli?es hoW 
synaptic dynamics can be in?uenced by netWork dynamics. 
Second, the differences in the outputs from dynamic syn 
apses are not merely in the number of release events, but also 
in their temporal patterns. For example, the second dynamic 
synapse (420b) responds more vigorously to the ?rst half of 
the spike train and less to the second half, Whereas the third 
terminal (420C) responds more to the second half. In other 
Words, the transform of the spike train by these tWo dynamic 
synapses are qualitatively different. 

[0083] Next, the response of dynamic synapses to different 
temporal patterns of action potentials is also investigated. 
This aspect has been tested by moving the ninth action 
potential in the spike train to a point about 20 ms folloWing 
the third action potential (marked by arroWs in FIGS. 4C 
and 4D). As shoWn in FIG. 4D, the output patterns of all 
dynamic synapses are different from the previous ones. 
There are some changes that are common to all terminals, 
yet some are speci?c to certain terminals only. Furthermore, 
due to the interaction of dynamics at the synaptic and 
netWork levels, removal of an action potential (the ninth in 
FIG. 4C) leads to a decrease of release events immediately, 
and an increase in release events at a later time. 

[0084] The above discussion of the computational poWer 
of a neural system With dynamic synapses is considered 
purely based on theoretical grounds, and the actual compu 
tational capacity of a given neural system certainly Would be 
limited by certain practical biological constraints. For 
example, the representational capability of 2L000 is based on 
the assumption that a dynamic synapse is sensitive to the 
occurrence or nonoccurrence of a single action potential 

(i.e., each “bit”) in a spike train. In many practical situations, 
noise may corrupt an input spike train and thus can adversely 
affect the response of a neural netWork. It is important to 
determine Whether dynamic synapses are capable of extract 
ing statistically signi?cant features from noisy spike trains. 
This problem is particularly acute in biology given that, to 
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survive, an animal must extract regularities from an other 
Wise constantly changing environment. For instance, a rat 
must be able to choose from a number of possible routes to 
navigate to its nest or to a food store. These possible routes 
includes some novel routes and one or more certain given 
routes regardless of variations in a Wide variety of condi 
tions such as lighting, time of day, a cloud drifting by, a 
sWaying tree, Winds, odors, sounds, etc. Thus, neurons in the 
hippocampus must extract invariants from varying input 
signals. 

[0085] One aspect of the invention is a dynamic learning 
ability of a neural netWork based on dynamic synapses. 
Referring back to the system 100 in FIG. 1, each dynamic 
synapse is con?gured according to a dynamic learning 
algorithm to modify the coef?cient, i.e., Ki)m(t) in Equation 
(1), of each synaptic process in order to ?nd an appropriate 
transformation function for a synapse by correlating the 
synaptic dynamics With the activity of the respective 
postsynaptic neurons. This alloWs each dynamic synapse to 
learn and to extract certain feature from the input signal that 
contribute to the recognition of a class of patterns. 

[0086] In addition, the system 100 of FIG. 1 creates a set 
of features for identifying a class of signals during a learning 
and extracting process With one speci?c feature set for each 
individual class of signals. 

[0087] One embodiment of the dynamic learning algo 
rithm for mth process of ith dynamic synapse can be 
expressed as the folloWing equation: 

[0088] Where At is the time elapse during a learning 
feedback, otm is a learning rate for the mth process, and AP] 
(=1 or 0) indicates the occurrence (Am-=1) or non-occurrence 
(Am-=0) of an action potential of postsynaptic neuron j that 
is connected to the ith dynamic synapse, [3m is a decay 
constant for the mth process and FOLrn is a constant for mth 
process of ith dynamic synapse. Equation (12) provides a 
feedback from a postsynaptic neuron to the dynamic synapse 
and alloWs a synapse to respond according to a correlation 
therebetWeen. This feedback is illustrated by a dashed line 
230 directed from the postsynaptic neuron 220 to the 
dynamic synapse 210 in FIG. 2. 

[0089] The above learning algorithm enhances a response 
by a dynamic synapse to patterns that occur persistently by 
varying the synaptic dynamics according to the correlation 
of the activation level of synaptic mechanisms and postsyn 
aptic neuron. For a given noisy input signal, only the 
subpatterns that occur consistently during a learning process 
can survive and be detected by synaptic synapses. 

[0090] This provides a highly dynamic picture of infor 
mation processing in the neural netWork. At any state in a 
chain of information processing, the dynamic synapses of a 
neuron extract a multitude of statistically signi?cant tem 
poral features from an input spike train and distribute these 
temporal features to a set of postsynaptic neurons Where the 
temporal features are combined to generate a set of spike 
trains for further processing. From the perspective of pattern 
recognition, each dynamic synapse learns to create a “fea 
ture set” for representing a particular component of the input 
signal. Since no assumptions are made regarding feature 
characteristics, each feature set is created on-line in a 
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class-speci?c manner, i.e., each class of input signals is 
described by its oWn, optimal set of features. 

[0091] This dynamic learning algorithm is broadly and 
generally applicable to pattern recognition of spatio-tempo 
ral signals. The criteria for modifying synaptic dynamics 
may vary according to the objectives of a particular signal 
processing task. In speech recognition, for example, it may 
be desirable to increase a correlation betWeen the output 
patterns of the neural netWork betWeen varying Waveforms 
of the same Word spoken by different speakers in a learning 
procedure. This reduces the variability of the speech signals. 
Thus, during presentation of the same Words, the magnitude 
of excitatory synaptic processes is increased and the mag 
nitude of inhibitory synaptic processes is decreased. Con 
versely, during presentation of different Words, the magni 
tude of excitatory synaptic processes is decreased and the 
magnitude of inhibitory synaptic processes is increased. 

[0092] A speech Waveform as an example for temporal 
patterns has been used to examine hoW Well a neural 
netWork With dynamic synapses can extract invariants. TWo 
Well-knoWn characteristics of a speech Waveform are noise 
and variability. Sample Waveforms of the Word “hot” spoken 
by tWo different speakers are shoWn in FIGS. 5A and 5B, 
respectively. FIG. 5C shoWs the Waveform of the cross 
correlation betWeen the Waveforms in FIGS. 5A and 5B. 
The correlation indicates a high degree of variations in the 
Waveforms of the Word “hot” by the tWo speakers. The task 
includes extracting invariant features embedded in the Wave 
forms that give rise to constant perception of the Word “hot” 
and several other Words of a standard “HVD” test (H-voWel 
D, e.g., had, heard, hid). The test Words are care, hair, key, 
heat, kit, hit, kite, height, cot, hot, cut, hut, spoken by tWo 
speakers in a typical research of?ce With no special control 
of the surrounding noises (i.e., nothing beyond loWering the 
volume of a radio). The speech of the speakers is ?rst 
recorded and digitiZed and then fed into a computer Which 
is programmed to simulate a neural netWork With dynamic 
synapses. 

[0093] The aim of the test is to recogniZe Words spoken by 
multiple speakers by a neural netWork model With dynamic 
synapses. In order to test the coding capacity of dynamic 
synapses, tWo constraints are used in the simulation. First, 
the neural netWork is assumed to be small and simple. 
Second, no preprocessing of the speech Waveforms is 
alloWed. FIG. 6A is schematic shoWing a neural netWork 
model 600 With tWo layers of neurons for simulation. A?rst 
layer of neurons, 610, has 5 input neurons 610a, 610b, 610c, 
610d, and 6106 for receiving unprocessed noisy speech 
Waveforms 602a and 602b from tWo different speakers. A 
second layer 620 of neurons 620a, 620b, 620c, 620d, 6206 
and 622 forms an output layer for producing output signals 
based on the input signals. Each input neuron in the ?rst 
layer 610 is connected by 6 dynamic synapses to all of the 
neurons in the second layer 620 so there are a total of 30 
dynamic synapses 630. The neuron 622 in the second layer 
620 is an inhibitory interneuron and is connected to produce 
an inhibitory signal to each dynamic synapse as indicated by 
a feedback line 624. This inhibitory signal serves as the term 
“Ainh” in Equation Each of the dynamic synapses 630 is 
also connected to receive a feedback from the output of a 
respective output neuron in the second layer 620 (not 
shoWn). 
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[0094] The dynamic synapses and neurons are simulated 
as previously described and the dynamic learning algorithm 
of Equation (12) is applied to each dynamic synapse. The 
speech Waveforms are sampled at 8 KHZ. The digitiZed 
amplitudes are fed to all the input neurons and are treated as 
excitatory postsynaptic potentials. 
[0095] The netWork 600 is trained to increase the cross 
correlation of the output patterns for the same Words While 
reducing that for different Words. During learning, the 
presentation of the speech Waveforms is grouped into blocks 
in Which the Waveforms of the same Word spoken by 
different speakers are presented to the netWork 600 for a 
total of four times. The netWork 600 is trained according to 
the folloWing Hebbian and anti-Hebbian rules. Within a 
presentation block, the Hebbian rule is applied: if a postsyn 
aptic neuron in the second layer 620 ?res after the arrival of 
an action potential, the contribution of excitatory synaptic 
mechanisms is increased, While that of inhibitory mecha 
nisms is decreased. If the postsynaptic neuron does not ?re, 
then the excitatory mechanisms are decreased While the 
inhibitory mechanisms are increased. The magnitude of 
change is the product of a prede?ned learning rate and the 
current activation level of a particular synaptic mechanism. 
In this Way, the responses to the temporal features that are 
common in the Waveforms Will be enhanced While that to the 
idiosyncratic features Will be discouraged. When the pre 
sentation ?rst sWitches to the next block of Waveforms of a 
neW Word, the anti-Hebbian rule is applied by changing the 
sign of the learning rates otm and [3m in Equation (12). This 
enhances the differences betWeen the response to the current 
Word and the response to the previous different Word. 

[0096] The results of training the neural netWork 600 are 
shoWn in FIGS. 6B, 6C, 6D, 6E, and 6E, Which respectively 
correspond to the cross-correlation functions of the output 
signals from neurons 620a, 620b, 620c, 620d, and 6206 for 
the Word “hot”. For example, FIG. 6B shoWs the cross 
correlation of the tWo output patterns by the neuron 620a in 
response to tWo Waveforms of “hot” spoken by tWo different 
speakers. Compared to the correlation of the raW Waveforms 
of the Word “hot” in FIG. 5C Which shoWs almost no 
correlation at all, each of the output neurons 620a-620e 
generates temporal patterns that are highly correlated for 
different input Waveforms representing the same Word spo 
ken by different speakers. That is, given tWo radically 
different Waveforms that nonetheless comprises a represen 
tation of the same Word, the netWork 600 generates temporal 
patterns that are substantially identical. 

[0097] The extraction of invariant features from other test 
Words by using the neural netWork 600 are shoWn in FIGS. 
7A-7L. A signi?cant increase in the cross-correlation of 
output patterns is obtained in all test cases. 

[0098] The above training of a neural netWork by using the 
dynamic learning algorithm of Equation (12) can further 
enable a trained netWork to distinguish Waveforms of dif 
ferent Words. As an example, the neural netWork 600 of 
FIG. 6A produces poorly correlated output signals for 
different Words after training. 

[0099] A neural netWork based on dynamic synapses can 
also be trained in certain desired Ways. A “supervised” 
learning, for example, may be implemented by training 
different neurons in a netWork to respond only to different 
features. Referring back to the simple netWork 600 of FIG. 




